Objective: While depression and anxiety are common mental health issues, only a small segment of the population has access to standard one-on-one treatment. The use of smartphone apps can fill this gap. An app recommender system may help improve user engagement of these apps and eventually symptoms. Methods: IntelliCare was a suite of apps for depression and anxiety, with a Hub app that provided app recommendations aiming to increase user engagement. This study captured the records of 8057 users of 12 apps. We measured overall engagement and app-specific usage longitudinally by the number of weekly app sessions ("loyalty") and the number of days with app usage ("regularity") over 16 weeks. Hub and non-Hub users were compared using zero-inflated Poisson regression for loyalty, linear regression for regularity, and Cox regression for engagement duration. Adjusted analyses were performed in 4561 users for whom we had baseline characteristics. Impact of Hub recommendations was assessed using the same approach. Results: When compared to non-Hub users in adjusted analyses, Hub users had a lower risk of discontinuing IntelliCare (hazard ratio ¼ 0.67, 95% CI, 0.62-0.71), higher loyalty (2-to 5-fold), and higher regularity (0.1-0.4 day/ week greater). Among Hub users, Hub recommendations increased app-specific loyalty and regularity in all 12 apps. Discussion/Conclusion: Centralized app recommendations increase overall user engagement of the apps, as well as app-specific usage. Further studies relating app usage to symptoms can validate that such a recommender improves clinical benefits and does so at scale.
INTRODUCTION
Depression and anxiety are common, debilitating, and the cause of enormous misery. While most people who experience depression and anxiety disorders want psychological treatments, 75% of these people experience barriers that prevent access and receive little or no treatment as a result. 1, 2 Behavioral intervention technologies, which harness mobile and web technologies to deliver psychological treatments, are increasingly argued to be a solution that can extend psychological treatments to more people. 3 Computer-based internet interventions, which tend to be primarily psychoeducational covering a broad range of psychological strategies, have consistently shown efficacy. However, these interventions require the user to make time to sit at a computer to read or view videos, and often have low adherence rates. [4] [5] [6] Preliminary studies show smartphone apps can be effective in reducing symptoms of depression and anxiety. 7, 8 However, mental health apps pose new design challenges, partly due to how people use their phones. People typically turn to their phones in spare moments and engage in brief bursts of activities to accomplish specific tasks due to resource competition. 9, 10 Research indicates that people tend to use their phones and phone apps in brief interactions with 70% of interactions <60 s. 11 As such, phone apps that require more than a minute or 2 to use, or require complex navigation, are unlikely to be used repeatedly. At the same time, there are a wide variety of psychological strategies such as goal setting, cognitive restructuring, behavioral activation, and positive psychological interventions that can be useful for people with common mental health problems. 12 Apps can also differ in terms of interactional elements (e.g., text vs photographic entry, daily tasks vs as needed tasks, etc.).
IntelliCare was based on the notion that people would be better served by a collection of simple apps, each with specific goals, psychological strategies, and simple interactional elements. IntelliCare was designed as a prototype for such a platform, providing users with 12 apps that would instantiate a variety of psychological strategies using several interactional styles to support acquisition of a set of skills related to depression or anxiety. Apps were designed using the Behavioral Intervention Technology Model, 13 integrated behavior theory and design, and were optimized through user feedback and usability testing. 14, 15 While breaking the intervention into its constituent parts fits well with how people use apps, it creates potential navigation problems: how is a user to know which apps to use? IntelliCare addresses this problem using the Hub app, which organizes a user's experience within the IntelliCare app suite. Notifications for all IntelliCare apps appear in a feed within the Hub. The Hub also provides links and recommendations for other apps within the IntelliCare suite such that users do not need to find these apps separately in other app marketplaces.
The aim of this study was to examine the impact of automated recommendations on engagement among users who downloaded the IntelliCare apps through its public deployment in the Google Play Store. Recommendations were made through the IntelliCare Hub app. Specifically, we examined whether the Hub was effective at improving the overall user engagement of the apps in the IntelliCare suite, and explored the Hub recommendations' direct effects on appspecific usage.
METHODS

IntelliCare Apps and Hub
The IntelliCare apps were designed by a multidisciplinary team using the Behavioral Intervention Technology model 13 to improve symptoms of depression and anxiety. The IntelliCare Hub was designed to coordinate a user's experience with the other IntelliCare apps, including managing messages and notifications from the other clinical apps within the IntelliCare suite and making weekly recommendations for new apps, not yet installed, to encourage app usage and exploration; see Figure 1 .
Data Source
The IntelliCare apps were made freely available to the public and were placed in stages on the Google Play Store starting September 22, 2014, and improved upon based on observed usage patterns and user feedback. 14 Upon the first app download, users were presented with a user acknowledgment agreement. This agreement notified users that app usage information would be stored and analyzed for quality assurance purposes. This study analyzed data of the Hub and 12 other IntelliCare apps (Table 1) . Specifically, this study included all users who downloaded their first IntelliCare app(s) during the period between April 1, 2015 and August 31, 2016, with the exception that Hub users who did not download Hub as their first app were excluded. Including these users in the analyses would otherwise have introduced bias favoring the Hub for 2 reasons. First, users who had downloaded another app and then decided to download the Hub were arguably motivated and had an inclination to continue exploring apps. This would introduce selection bias. Second, by including the time and usage occurring before the Hub download would artificially inflate the engagement duration of these Hub users. The start date was chosen to be around a press release by Northwestern University (April 7, 2015) that generated public interest and led to increases in downloads. The analyses included all app usage data up to December 31, 2016, so that we had at least 16-week of data for each user. These procedures and analyses were approved under quality assurance by the Institutional Review Boards at Columbia University and Northwestern University.
App Usage Metrics and Hub Recommendations
App usage data were collected passively. An app session was defined as a sequence of user-initiated actions or events within the app separated by <5 min between events; app usage occurring after 5 min (or longer) of no activity was counted as a new session; the length of an app session was the time from first use of an app to the last use separated by 5 min on either side. 14, 16 For each user, we measured the overall user engagement with IntelliCare using 3 metrics. First, to measure a user's continued engagement, we calculated the duration between downloading the first IntelliCare app and the last use of any app. Second, we counted the number of sessions of any apps that a user launched in a week over a 16-week period. These weekly counts measured "loyalty" of the user to IntelliCare. Specifically, the loyalty index was first developed for Web analytics, 17 and was later adapted for health apps 18 to measure user engagement in terms of number of visits during a timeframe, and was calculated as
Loyalty index ¼ 1 -1 number of sessions during the timeframe
In this work, we considered the weekly count instead of the aggregate loyalty index so as to reflect the longitudinal trend of usage. Third, we measured the number of days with at least 1 app session launched within a week over the 16-week period. This produced a weekly measure of "regularity." A user could have high weekly loyalty but low regularity if s/he used an IntelliCare app many times on a single day and at no times on other days. App-specific usage was measured with similar metrics. For each user and each app, we calculated the number of app sessions in a week (app-specific loyalty) and the number of days during the week that the app was launched (app-specific regularity).
For users who had downloaded the Hub, we recorded the apps recommended by the Hub from weeks 2 through 6 after the Hub was downloaded. The Hub made app recommendations on a weekly basis to encourage the users to explore certain target apps. Thus, for each Hub user, we considered the recommendation status at 5 time points.
User Characteristics
Baseline demographic characteristics that were collected upon download of an app included age, gender, race, ethnicity, and education.
Statistical Analyses
Continued engagement experience of the users was summarized using Kaplan-Meier estimates for the Hub users and the non-Hub users separately. The 2 user groups were compared using the logrank test. Cox proportional hazard models were used to adjust for baseline characteristics. The weekly number of app sessions (loyalty) was modeled using zero-inflated Poisson (ZIP) regression 19 and was compared between Hub users and non-Hub users, with and without adjustment to their baseline characteristics. ZIP regression modeled 2 aspects of loyalty: First, logistic regression was used to model the probability of no activity (i.e., zero number of sessions). Second, Poisson regression with a log link was used to model the count data (i.e., number of sessions). ZIP models provided a much better fit Delivers a daily stream of tips, tricks, and other information throughout the day to boost the user's mood. Prompts the user to work on a particular theme each day, and every week; learn more about how to effectively cultivate gratitude, activate pleasure, increase connectedness, solve problems, and challenge one's thinking.
Daily Feats
Encourages the user to incorporate worthwhile and productive activities into the day. Users add accomplishments to the Feats calendar, where they can track their positive activity streaks and level up by completing more tasks. Helps motivate users to spend their days in more meaningful, rewarding ways to increase overall satisfaction in life.
Worry Knot
Teaches the user to manage worry with lessons, distractions, and a worry management tool. Provides a guided tool to address specific problems that a user can't stop thinking about, and provides written text about how to cope with "tangled thinking." Presents statistics about progress as the user practices coping with worry, gives daily tips and tricks about managing worry, and provides customizable suggestions for ways to distract oneself.
Social Force
Prompts the user to identify supportive people in their lives, and provides encouragement for the user to get back in touch with those positive people.
My Mantra
Prompts the user to create mantras (or repeatable phrases that highlight personal strengths and values and can motivate one to do and feel good) and construct virtual albums to serve as encouragement and reminders of these mantras. Thought Challenger Guides the user through an interactive cognitive restructuring tool to examine thoughts that might exaggerate negative experiences, lead one to be overcritical, and bring down one's mood. Teaches the user to get into the habit of changing perspective and moving toward a more balanced outlook on life. iCope Allows the user to send oneself inspirational messages and reassuring statements, written in their own words, to help the user get through tough spots or challenging situations. Purple Chill
Provides users with a library of audio recordings to relax and unwind. Encourages users to select and schedule positive activities ("boosts") when they notice a drop in mood, and to track positive activities they note positively impacting their mood. Includes animated mood tracking for pre/post positive activities, calendar integration, and suggested activities that are auto-populated based on past mood improvement.
than the Poisson models because of a large number of zero counts of the number of sessions in the data. The weekly regularity was compared using linear models. Direct recommendation effects of the Hub were assessed using the app-specific usage metrics, which captured whether users had acted on the recommendations by downloading and using the recommended apps in the subsequent week. For each app, app-specific loyalty at week 2 was modeled using ZIP regression as described above: the regression models included Hub status (Hub recommending the app vs Hub not recommending the app vs no Hub) and week 1 loyalty as independent variables. App-specific regularity at week 2 was assessed using linear models analogously. The same analyses were repeated for each time point up to week 6 to examine consistency of effects over time. These time points were specified a priori, because the early time points were most important as users were establishing their usage patterns.
RESULTS
We identified records of a total of 8253 users, with 5746 non-Hub users and 2507 Hub-users. Of the 2507 Hub-users, we excluded 196 users who did not download the Hub as their first app. Therefore, unadjusted comparisons were made in 8057 users between those who never used the Hub (n ¼ 5746) and those who used the Hub from the beginning (n ¼ 2311). To verify the robustness of the unadjusted analyses, adjusted analyses were performed in users who had baseline demographic characteristics available, resulting in 3047 non-Hub users and 1514 Hub users (Table 2) .
Hub Effect on Overall User Engagement
The Hub users had a higher rate of engagement over time than nonHub users, and had a longer average duration of engagement ( Figure  2) . At week 16, 21% of Hub users were still using the apps compared to 11% of non-Hub users. The log-rank test had P < .001 indicating a statistically significant difference between the 2 groups. In adjusted analyses using Cox models, the risk ratio for Hub users stopping using any apps was 0.67 (95% CI, 0.62-0.71) compared to non-Hub users, after adjusting for age, gender, race, ethnicity, and education. The Cox models also identified that being female, having higher education, and being older in age were associated with lower risk of discontinuing IntelliCare.
Hub users had higher loyalty than non-Hub users ( Figure 3 ). Specifically, Hub users had a lower probability of having no weekly activity consistently over 16 weeks. The probabilities in Figure 3 (A) were estimated using logistic regression fit in the ZIP model without adjustment for baseline demographics. We observed the same trend in the adjusted analyses ( Figure 3 [B]): Hub users had lower odds of no activity than the non-Hub users (i.e., an odds ratio <1) after accounting for user characteristics. The Poisson means in the ZIP model for the weekly number of app sessions, without adjustment to demographics, were plotted in Figure 3 (C): non-Hub users had a mean between 2 and 4 sessions per week over 16 weeks, whereas Hub users had a mean between 4 and 10 sessions per week, which was substantially higher. In addition, Hub and non-Hub users were compared in the adjusted analyses in terms of the ratio (fold) of the means (Figure 3 [D] ): Hub users launched on average at least twice as many sessions per week (and up to about 5 times as many) as the non-Hub users. The increase was statistically significant at all time points, indicated by the lower limits of the confidence intervals being uniformly above 1 in all weeks.
Hub users had higher regularity and engaged in IntelliCare on more days than non-Hub users during a week (Figure 4 ). In the adjusted analyses (Figure 4 [B]) Hub users had higher regularity by 0.1-0.4 day per week with confidence intervals uniformly above 0. 
Effects of Hub Recommendations on App-specific Usage
In Table 3 (a), specific app usage/nonusage at week 2 was compared between Hub users who received a recommendation for a specific app ("Target app recommended") and who received a recommendation for another app ("Another app recommended"). For each app, Hub recommendations improved at least one aspect of app-specific loyalty (odds ratio of no activity and/or fold of number of sessions) among Hub users. In most apps, when a target app was recommended, the odds of no activity for that app were 21% or lower (OR 0.21) relative to when another app was recommended; the only exception was Slumber Time. In addition, a Hub recommendation generally increased the number of sessions for the recommended app in the following week (Fold > 1), and the increase was statistically significant for all apps except Daily Feats and iCope. A Hub recommendation also increased the number of days with activity in a week for all apps (Diff > 0). The comparison between Hub users who received recommendations and the non-Hub users in Table 3 (b) depicted a very similar picture. In fact, when Hub users did not receive a recommendation for a specific app, their usage metrics were similar to non-Hub users, indicating the improvement in app usage was due to the recommendation.
The analyses at the other time points showed similar effects of the recommender. Table 4 presents the results of the Hub recommendation effects at week 4.
DISCUSSION
IntelliCare is a novel approach to digital mental health that, rather than providing a single comprehensive intervention app, provides a platform of apps, each of which represents a basic, elemental psychological strategy, and interaction method. This approach builds on a basic property of digital technologies, sometimes called remixing, in which functions are unbundled into more primitive parts, and then recombined to meet the needs of the user. 20 IntelliCare unbundles the psychological intervention into its component parts, allowing the user to obtain the right tool for the specific goal that they have. This architecture has the potential to be highly adaptable to the needs of the individual. However, it presents another problem: how can the user navigate the numerous applications? IntelliCare addresses this need with the Hub app, which periodically recommends new apps for the individual user over time. Our results showed that users who downloaded the Hub app continued to engage with IntelliCare apps for a longer period of time and interacted with the apps more often (loyalty) and more regularly (regularity) over time than the non-Hub users. We also showed that recommendations for a specific app boosted engagement with that app. The IntelliCare apps, when deployed with the Hub, enjoyed generally persistent usage with 21% of Hub users remaining engaged 16 weeks after initial downloads. This compares favorably to other analyses of long-term use of health and mental health apps freely available on public app stores, which range from under 3% of users showing any consistent engagement with a diet app, to between 9% and 15% of downloads of the highly acclaimed Post-Traumatic Stress Disorder Coach showing engagement in the 3rd month after download. 21, 22 It is worth noting that a field trial of IntelliCare showed >90% continuing to be engaged after 8 weeks, albeit, with engagement supported by regular coach interactions. 16 Although human support is typically included as an engagement strategy, some research suggests that similar benefits can be achieved through persuasive features such as tailoring and personalization. 23 More research is needed to understand exactly what about the recommendations was motivating for users, it is obvious that providing recommendations led to persistent engagement, and that there was a direct effect on increasing app-specific usage by the recommendations. The present analyses have focused on the usage data rather than clinical outcomes. Although the eventual goals of the IntelliCare apps are to improve people's lives and reduce symptoms of depression and anxiety, usage data are often used as proxy data in early studies, as clinical improvement first requires people to use the applications. 24 Several studies have explored the link between usage of behavioral intervention technologies and clinical outcomes and have produced mixed results. 25 Part of the reason for this may be that usage is measured in a variety of ways, some of which define usage as completing most or all of a multi-component intervention. Usage metrics included in our analyses are much more granular. We have defined 2 weekly metrics, namely user's loyalty and regularity, which are summarized longitudinally over time. While further research is needed to examine the translation of increase in app usage into clinical benefits, these metrics create important conceptual benchmarks that allow for comparisons across users. One benefit of using and analyzing app usage is that it is a pragmatic measure. App usage data can be collected passively, from all users, in real-world settings, with no additional burden. 26 As such, it is less likely there will be missing data related to users failing to answer questionnaires, resulting in larger data sets for analysis. Changes in app usage can be observed and analyzed on a continuous, real-time basis. Although in the IntelliCare Hub, usage merely informs weekly updates to recommendations, other systems have incorporated information about engagement to lead to contextuallytailored, just-in-time interventions. 27 
FUTURE DIRECTIONS
This study serves as a proof-of-concept for the use of a centralized recommender app. The longer-term goal is to optimize the underlying recommender analytics so that the Hub app can intelligently recommend apps that an individual user is more likely to use. Motivated users might initially be willing to commit some energy to trying new apps. However, trial and error will likely result in frustration and eventual disengagement over time if users do not receive something useful. A recommendation system that can quickly get a user to the apps that are most useful and desirable to the individual is more likely to result in sustained engagement. Reinforcement learning techniques 28, 29 can be applied to develop the analytics for a recommender system aiming to maximize long-range cumulative improvement (reward) in terms of app usage metrics considered in this article. Such recommendations can be personalized based on user's preference and past usage history. Indeed, we have envisioned an evaluation process for evolving behavioral intervention technologies, 30 whereby the recommender analytics could be continuously updated and improved based on such systems. 31 The app usage metrics considered in our analyses provide the basis for personalized optimization in this future endeavor. It is worth noting that IntelliCare is a closed system in that all of the apps were developed specifically for the IntelliCare platform. Thousands of mental health apps are publicly available on app stores. 32, 33 The concept of a recommendation system for mental health apps can be extended to the app markets. Such a system will be highly valuable to users who are in need of treatments, and will enable them to identify useful apps without performing an extensive search. While attempts to do so have been limited 34 or failed to find benefits for those receiving the recommendations, 35 some of the principles and analytics behind the Hub recommendation system, if managed in a transparent and unbiased manner, could be a useful tool in the emerging efforts to help consumers navigate the large and complex mental health app marketplace.
Limitations
We note that we did not know whether app usage was associated with improvement. The IntelliCare apps did prompt users to complete brief, weekly symptom severity assessments, however compliance with these symptom assessments was so low that we did not feel any analyses would be meaningful. These data were observational, making causal inference difficult. We saw that among Hub app users, recommendations increased usage metrics, strongly suggesting that recommendations increased the likelihood and frequency of usage. However, it was possible and indeed likely that the increased use associated with the Hub app was also related to the characteristics of the users. That is, people who downloaded the Hub app might well be more motivated, more likely to explore new apps, and more adherent than non-Hub users. While we could not determine the relative contribution of user characteristics and Hub recommendations given the nature of these data, our analyses of app-specific usage did suggest that making an app recommendation had a direct effect on usage of the target app.
CONCLUSION
The IntelliCare Hub and recommender system improved people's engagement with the IntelliCare suite by driving the usage of recommended applications. This suggests that such recommender systems can be an effective method of helping users navigate a platform containing many apps. The next step will be to place intelligence behind the recommendations, so that users can be moved quickly and efficiently to apps that meet their needs and preferences. The principle of such a navigation system could be extended to help people navigate large numbers of health or mental health apps. IntelliCare is a useful starting point as previous research has demonstrated that those who receive the apps experience reductions in depression and anxiety. 16 This study has demonstrated that the IntelliCare Hub recommendations were able to drive engagement even in the absence of human support and therefore might be a solution to delivering costeffective and accessible mental health treatments at scale.
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